and keywords 1 • Little is known about the characteristics and function of reproductive phased, secondary, 2 small interfering RNAs (phasiRNAs) in the Poaceae, despite the availability of 3 significant genomic resources, experimental data, and a growing number of 4 computational tools. We utilized machine-learning methods to identify sequence-based 5 and structural features that distinguish phasiRNAs in rice and maize from other small 6
of the results, the whole five-fold CV experiment was repeated five times, each using a different 1 0 8
five-way split (partition) of the dataset. To assess classification performance we use the standard measures of accuracy (ACC), operating characteristic curve (AUC), whose formulae and descriptions are as follows:
where True Positives (TP) denotes the set of correctly classified phasiRNAs, True Negatives (TN) denotes the set of correctly classified non-phasiRNAs, False Positives 1 2 0 (FP) denotes the set of non-phasiRNA sequences that were classified as phasiRNAs, and copy regions in the genome (Johnson et al., 2009; Zhai et al., 2015b) . Beyond these features,
little was known about their sequence composition, true even for other classes of plant small 1 4 1
RNAs. Thus, to build a classifier, we utilized an alignment-free approach based on k-mers. These k-mer presence or absence of a given nucleotide in a determined sequence position. These two sets of cross-validation (CV), and this 5-fold CV was completed five times on our datasets (see Methods
for a more complete explanation). As noted above, the classification results were in terms of 1 7 3 ACC, SE, SP, PPV, and AUC. The results obtained from our classification pipeline using different negative sets, are shown in 1 7 6 below), for both 21-and 24-nt phasiRNAs. We first examined 21-nt phasiRNAs, and we 1 7 8 compared phasiRNAs to a mixture of sRNAs that include selected miRNAs, P4-siRNA, tRNAs, 1 7 9 and rRNAs; these latter four cases represent the four major negative sets (i.e. not phasiRNAs) hence low specificity and a high number of false positives (lower PPV). We followed the same 1 9 9 procedure in classifying the 24-nt phasiRNAs, first with 24-nt P4-siRNAs and next with the 2 0 0 combined negative set. In both cases, the classification of the negative set against 24-nt 2 0 1 phasiRNAs, resulted in strong scores for all four performance measurements (Table 1) developed the models (Table 2a ). As additional test, we aimed to test the trained model in a different genome. To do so, we 2 1 9 generated new small RNA data from panicles of the model grass Setaria viridis (see Method S3 2 2 0
and Table S1 ). We then applied the aforementioned classification models developed from rice 2 2 1 and maize to assess reproductive phasiRNAs in these S. viridis data, to evaluate the potential of 2 2 2 this approach across species. In S. viridis, a dataset and genome that we had not previously
analyzed, the models predicted 1868 21-nt phasiRNAs and 1723 24-nt phasiRNAs with a 2 2 4 sensitivity (SE) of > 0.93 and > 0.86, respectively (Table 2b ). We concluded that the machine-2 2 5 learning method is effective for de novo classification of plant small RNAs. Position-specific biases in phasiRNAs relative to other small RNAs 2 2 8
Next, knowing that reproductive phasiRNAs are distinct from other classes of small RNAs, we 2 2 9 sought to characterize these differences in greater detail, at the single nucleotide level. We 2 3 0 computed single-nucleotide sequence profiles for the most abundant 1000 reproductive then compared the position-specific base usage between the reproductive phasiRNAs and either 2 3 4 miRNAs or 24-P4-sRNAs by conducting a two-tailed, rank sum test (P = 1e -5 ) to identify 2 3 5 positions with statistically significant base usage that would distinguish phasiRNAs from either 2 3 6 miRNAs or P4-siRNAs ( Fig. 2) . At a significance level of 10 -5 , comparing the 21-nt phasiRNAs and miRNAs, we found that the 2 3 9
usage of bases at eight positions differed significantly (positions 1, 2, 8, 19, and 21; Fig. 2a ). Next, we repeated the calculation, comparing 21-nt reproductive phasiRNAs and 24-nt P4-2 4 1 siRNAs ( Fig. 2b ), demonstrating significant differences at positions 1, 14, 19, 20, and 21. Combining these results, we made several observations: (i) in these abundant 21-phasiRNAs, 19 th position was investigated in more detail below. We conducted a similar analysis comparing the position-specific base usage between the 24-nt 2 5 2 reproductive phasiRNAs and P4-siRNAs. We found that positions 1, 10, 20, 21, 22, and 23 were 2 5 3 statistically different ( Fig. 2c) ; in other words, the 24-nt phasiRNAs and P4-siRNAs differed represented nucleotides in 24-nt phasiRNAs were either A or U (Fig. 2c ); the 5'-and 3' -ends 2 5 6
showed differences in the two classes of molecules, and internal positions 10 and 11 were 2 5 7
overrepresented for U in the 24-phasiRNAs. These correspond to the same two internal positions 2003), so we noted this for subsequent phasiRNA target analysis (see below). The 3'-end 2 6 0 difference was most striking -in the P4-siRNAs, there was a high frequency of G from the 20 th 2 6 1 to 24 th positions and a coincident depletion of U ( Fig. 2c ), whereas 24-nt phasiRNAs had an 2 6 2 overrepresented A at the 22 nd position and U at the 3' end. Therefore, we identified several overall nucleotide composition distinct from that of P4-siRNAs. These differences likely have 11 with a co-bias for the paired positions in the duplex, yielding duplexes with 5' C at each end 3 0 8 ( Fig. 3a ). We can infer that 21-nt phasiRNAs may have no strand specificity and either strand is 3 0 9
likely to be loaded into the AGO protein as long as there is a 5' C. Similarly, among the 21-nt 3 1 0 phasiRNAs, the 19A and to a lesser extent 19U classes were underrepresented ( Fig. 4a, lower) ,
corresponding to bottom-strand 1U and 1A phasiRNAs in a duplex; since 1U phasiRNAs were 3 1 2 common among the sequenced phasiRNAs ( Fig. 4a, upper) , we could infer a bias against 1U 3 1 3 phasiRNAs in the complement to phasiRNAs abundant in our libraries. To assess positional covariance, we analyzed 21-and 24-nt phasiRNAs versus P4-siRNAs, in 21-nt siRNAs, and 22 in 24-nt siRNAs). We used these results to make inferences (see the
discussion section) about strand specificity in the biogenesis of plant reproductive phasiRNAs.
3 1 9
First, we compared the nucleotide composition at the 19 th position of 21-nt phasiRNAs for a 3 2 0
given 1 st nucleotide and we performed the same analysis for the 1 st position composition with the 3 2 1 19 th position fixed (Fig. 4b ). The 1U phasiRNAs (i.e. 5' U) had an almost uniform distribution 3 2 2 of nucleotides at the 19 th position, which was striking relative to the 1C, 1A, and 1G phasiRNAs, so only the 1C strand loaded). Therefore, among 21-nt phasiRNAs, there is a co-bias of the 1 st and 19 th positions, perhaps reflective of strand specificity in AGO loading. Next, we performed similar analyses for 24-nt phasiRNAs, focused on the 1 st and 22 nd positions 3 3 6 ( Fig. 3b ). The 1 st position was less biased than 21-nt phasiRNAs, although 1G was also 3 3 7 underrepresented ( Fig. 4c, upper) ; at the 22 nd position, there was less bias than for the 19 th relative to other nucleotide positions ( Fig. 2c, left) . 22A corresponds to 1U in the complement,
and since 1U 24-nt phasiRNAs were common in our dataset ( Fig. 4c , upper), both phasiRNAs in 3 4 1 such a duplex are favored in our data, consistent with a lack of strand specificity. Lower levels of 3 4 2 1 st /22 nd position covariation were observed in 24-nt than 21-nt phasiRNAs (Fig. 4d ), and there 3 4 3
was an overall A-U enrichment (Fig. 2c ), demonstrating more relaxed sequence constraints. For comparison to the 24-nt phasiRNAs, we measured the position-specific nucleotide biases for 3 4 6
P4-siRNAs. Their precursors have been described ( Fig. 3d strand is preferably loaded over the RDR2 strand ( Fig. 3c ). Apart from the strong overall 1A bias nucleotide, G>C>A>U, consistent with a strong overall bias to the GGGGC motif in the 3' end 3 5 5
( Fig. 2c ). Combining the compositional analyses described above, we applied these same approaches to an 3 5 8 unusual group of siRNAs, a set of 22-nt, putative heterochromatic siRNAs that are RDR2-3 5 9
independent, thus far found only in maize (Nobuta et al., 2008) . We were interested to analyze 3 6 0
these "22-nt hc-siRNAs" because they are poorly characterized and their relationship to P4-3 6 1 siRNAs is not known (see Method S4 for extracting 22-nt siRNAs). The most significant 3 6 2 difference between 22-nt hc-siRNAs and 24-nt P4-siRNAs was at 5' end positions 1, 3 and 4 3 6 3
( Fig. S3 a,b ), but the level of A in 22-nt hc-siRNAs was significantly lower from position 12 to 3 6 4 the 3' end, compared to the 24-nt P4-siRNAs. There were apparent 3' differences as well, but 3 6 5
this was from the comparison performed by counting nucleotides from the 5' end. We reassessed in some cases from the 3' end. Measured this way, we observed only one 3' difference, at the 3' 3 6 9
13 end -1 position, at which the G-U composition varied significantly ( Fig. S3c ). We next looked
at covariation between the 20 th and 1 st nucleotides in the 22-nt hc-siRNAs; as with P4-siRNAs, 3 7 1 the 20 th nucleotide representation was more or less the same for all 5' nucleotides, and even for consistent with strand specificity for the 22-nt hc-siRNAs ( Fig. S3e) . Thus, these RDR2- RDR6; although the RNA polymerase generating their primary strand precursor remains to be 3 7 7
determined, the 5' difference of 22-nt hc-siRNAs compared to P4-siRNAs suggests an 3 7 8
alternative production pathway and/or function. The results of analysis of the nucleotide and co-variation biases across different classes of As little is known about the targets and the functions of the reproductive phasiRNAs, we 3 8 8
attempted to predict targets for the 500 most abundant pre-meiotic (21-nt) and meiotic (24-nt) 3 8 9 phasiRNAs in rice. Using standard criteria (i.e. modeled on known miRNA-target interactions), 3 9 0 prior reports have failed to find targets of reproductive phasiRNAs, while reporting few details 3 9 1 of these analyses due to the negative result (Song et al., 2012b; Zhai et al., 2015b) . We revisited 3 9 2 this topic because new, more powerful, faster and flexible target prediction methods are 3 9 3 available; prior work used a "seed-based" sRNA-target interaction pipeline, which is derived 3 9 4 from models of animal miRNAs and does not accurately capture the target similarity of most phasiRNA targeting, we conducted a comparative analysis, measuring class-by-class how 3 9 8
predicted targets of these abundant phasiRNAs compared to those of other known sRNAs, such 3 9 9
as miRNAs and P4-siRNAs. First, we compared in rice the distribution of predicted target scores (TS) of 21-nt phasiRNAs 4 0 3
with a selected set of known, conserved miRNAs (Fig. 5a ). We selected plant miRNAs with 4 0 4 numbers lower than miR1000 (i.e. osa-miR162) (n=288), as these are generally abundant, 4 0 5 conserved, and better characterized than any more recently-described miRNAs. For each class, 4 0 6 miRNAs versus 21-nt phasiRNAs, targets were predicted using sPARTA (Kakrana et al., 2014) .
We retained two sets of results, either all targets or only the "best" targets (those with a lowest 4 0 8 target penalty score, meaning a high degree of complementarity). Each sRNA would also have at 4 0 9
least one perfect match in the genome, a target score of 0, potentially the result of targeting in 4 1 0
cis. For 21-nt phasiRNAs, the TS distribution showed a peak in the number of best targets at 3.5 4 1 1 (Fig. 5a, left) , compared to ~1 for miRNAs ( Fig. 5a, right) . The relative paucity of TS matches in 4 1 2 the range of 0.5 to 1.5 for 21-nt phasiRNAs was striking, particularly since many miRNAs have 4 1 3
predicted targets in this range. We inferred based on this pattern of sequence complementarity 4 1 4
that 21-nt phasiRNAs, unlike miRNAs, either may function largely in cis via perfect matches or 4 1 5
have been selected to avoid closely-matched targets. To dissect these predicted sRNA-target interactions in rice, we recorded position-specific matches, gaps, wobbles, and mismatches. We selected only predicted targets (for both 4 2 1 phasiRNAs and miRNAs) with a TS between 0.5 and 3.5, omitting self-targeting interactions.
2 2
Overall, consistent with higher scores, 21-nt phasiRNAs showed lower match rates across all 4 2 3 positions than miRNAs (Fig. 5b) ; a few substantial position-specific differences were observed, 4 2 4
including higher match rates for phasiRNAs at the 1 st and 21 st positions, and a higher (yet 4 2 5 unexplainable) rate of gaps at the 15 th position (Fig. 5b ). We concluded that unless 21-nt 4 2 6
reproductive phasiRNAs target primarily in cis, they must have lower levels of complementarity to their targets than miRNAs. Next, we extended our analysis to attempt to find the targets of the reproductive 24-nt 4 3 1 phasiRNAs, again focusing on rice. We performed similar analyses as above and compared the 4 3 2 TS distribution of 24-nt phasiRNAs (Fig. 5c, left) with the top 500 most abundant 24-nt P4-4 3 3 siRNAs (Fig. 5c, right) . For the 24-mers, we omitted the higher penalty for a mismatch at the 4 3 4 10 th and 11 th positions in the target alignment; that penalty is relevant for 21/22-nt sRNAs that have not been described or tested. For the 24-nt phasiRNAs, we observed a peak in the number 4 3 7
of best targets at 4.5 (Fig. 5c, left) ; while score of 4.5 to 5 was also the peak for P4-siRNAs 4 3 8 (excluding perfect, or 'cis' matches at 0), P4-siRNAs had a much more even distribution of 4 3 9
scores. There was a striking gap in the distribution of target scores from 0 to ~2 for the 24-nt 4 4 0 phasiRNAs, indicating that these lack highly homologous trans targets (Fig. 5c, left Again, as for the 21-nt phasiRNAs, we predicted and recorded position-specific matches for both 4 4 5
24-nt phasiRNA-target interactions and P4-siRNA-target interactions (Fig. 5d ). This represented wobbles, and mismatches. In this case, given the different score distribution relative to 21-mers, 4 4 8
we selected only predicted targets (for both phasiRNAs and P4-siRNAs) with a TS between 0.5 4 4 9
and 5, omitting self-targeting interactions. Overall, consistent with higher TS scores, 24-nt 4 5 0 phasiRNAs showed much lower match rates across all positions than P4-siRNAs ( Fig. 5d Classes of predicted reproductive phasiRNA targets 4 5 5
As a final step in analyzing the possible targets of reproductive phasiRNAs in rice, we classified 4 5 6
the predicted target loci. This analysis used all predicted targets described in the sections above, including both cis and trans targets. In rice, the top 500 21-nt phasiRNAs were predicted to 4 5 8 target 7766 loci (Table S2 ). These putative targets included 1400 (18.02 percent) loci classified 4 5 9
by RepeatMasker as related to the transposable elements (TEs). The top 500 24-nt phasiRNAs 4 6 0
were predicted to target 5631 loci, of which 836 (14.84 percent) are related to TEs (Table S3 ). To assess whether these predicted matches to TEs represent an enrichment or depletion 4 6 2 compared to random chance, we randomly selected 7800 and 5600 genes from the 35,000+ reproductive phasiRNAs, and thus the characterization of their functions will require molecular 4 6 7
and biochemical investigation. OsAGO18, OsAGO2b (Zhai et al., 2015b; Fei et al., 2016) , and OsAGO5c (MEL1) One unique aspect of working with the reproductive phasiRNAs is that their production from at the 1 st and 19 th positions among the 21-mers. One possible interpretation of these biases is a 4 9 4 model of competition for loading between the two strands of a duplex, whereby one strand is 4 9 5
preferentially loaded over the other, typically understood to be driven by the 5' nucleotide associated phasiRNAs, 1U phasiRNAs were less than 10% of the total (Komiya et al., 2014) .
Perhaps the higher proportion in the sequenced phasiRNAs reflects (1) stability in the absence of 5 0 1 loading, or (2) perhaps 1U phasiRNAs are loaded into a different AGO than the 1C phasiRNAs -5 0 2 maybe AGO1, known to have an affinity for 1U 21-nt sRNAs (Zhao et al., 2016) . Assuming the 5 0 3
latter, for the sake of argument, the difference in the 19 th position for a given 1 st position 5 0 4
nucleotide for the 21-nt reproductive phasiRNAs could be explained by AGO affinity: 1U 5 0 5
phasiRNAs may be loaded as well or better than 1C phasiRNAs, but into this different AGO. An Based on the observation of abundant 1U and 1C 21-nt phasiRNAs, we hypothesized an AGO 5 1 1 competition model (Fig. S4 ). We inferred/hypothesized this because of the data in Fig. 4B duplex with a 1U phasiRNA, the 1U phasiRNA is loaded. But sequenced 1U phasiRNAs showed 5 1 5 no bias in the 19 th position, because they are preferred over the opposite strand, and thus are the 5 1 6
"winners" in the competition (Fig. S4a) . In contrast, the 1R/19G (R = A or G) phasiRNAs are 5 1 7 paired with 1C phasiRNAs, which is AGO loaded (Fig. S4b) The following materials are available in the online version of this article. Method S1 Dataset used for cross validation study Schematic duplex structures of different types of plant small RNAs; the 5'-and 3'-ends are annotated and highlighted to emphasize the influence that a nucleotide bias on one strand has on the other due to pairing. The first three and the last three nucleotide positions are indicated from the 5'-and 3'-end positions, respectively, as the analyses focused on sequence composition biases at these positions; red numbering indicates the base position within the small RNA. Within each position, the top two most frequent nucleotides are indicated, with the first representing the most common occurring nucleotide; the sequences analyzed are the same as Fig. 2. ( 
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Fig. 5 phasiRNA target prediction illustrates low binding affinity compared to other sRNAs to their targets due to sequence diversity.
Target prediction for top 500 most abundant 21-and 24-nt phasiRNAs in rice, rice 3-digit miRNAs (n=288), and top 500 most abundant P4-siRNAs in rice was performed using sPARTA. (a) The bar plots show target score distribution (as indicated on X-axis) for 21-nt phasiRNAs (at left) and 3-digit miRNAs (at right). Dark purple bars depict target score distribution of all targets of 21-nt phasiRNAs and 3-digit miRNAs. Orange bars depict target score distribution of only best targets (targets with a lowest target penalty score, meaning high degree of complementarity between phasiRNAs or miRNAs and their targets) of 21-nt phasiRNAs and 3-digit miRNAs. As indicated, Y-axis (number of targets) is transformed into log2 scale and red arrow indicates potential self-targeting or cis interactions (with target score of 0, meaning perfect match). (b) The bar charts record the 21-nt phasiRNAtarget interaction (at left) and 3-digit miRNA-target interaction (at right) for all targets with target score between 0.5 and 3.5, capturing binding pattern as a percent (Y-axis) of match, gap, wobble, and mismatch. (c) Bar plots showing target score distribution as above panel (a), for 24-nt phasiRNAs (at left) and 24-nt P4-siRNAs (at right). (d) As above panel (b), the bar charts indicating the binding pattern as a percent (Y-axis) of match, gap, wobble, and mismatch for 24-nt phasiRNA-target interaction (at left) and 24-nt P4-siRNAs-target interaction (at right) for all targets with target score between 0.5 and 5. 
